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Abstract

Large language models often generate plausi-
ble yet unreliable answers, making uncertainty
quantification essential for detecting potential
hallucinations. Prior work has shown that the
information needed to detect hallucinations and
quantify a model’s confidence in its generations
may already be present in its internal states, but
how to extract this information effectively re-
mains an open problem. We introduce Seman-
tic Coverage, a white-box, representation-level
spectral uncertainty estimator inspired by cover-
age in reinforcement learning. Given multiple
sampled generations for a prompt, Semantic
Coverage quantifies uncertainty by measuring
how broadly their internal representations span
the model’s latent semantic space. Across three
open-weights language models and four short-
form question-answering benchmarks, Seman-
tic Coverage achieves the strongest overall per-
formance among the evaluated methods and
consistently outperforms prior representation-
level methods in quantifying LLM uncertainty.

1 Introduction

Large Language Models (LLMs) have shown re-
markable capabilities across a wide range of tasks,
leading to their adoption in critical domains such
as healthcare (He et al., 2025), finance (Nie et al.,
2024), and law (Lai et al., 2023). However, so-
called hallucinations remain a major limitation:
LLMs can produce fluent and plausible outputs
that are factually incorrect or misleading. Reliable
deployment of LLM-powered systems therefore re-
quires mechanisms for assessing when their outputs
can be trusted (Amer-Yahia et al., 2025). This has

uncertainty quantification a central research prob-
lem in the LLM literature (Farquhar et al., 2024;
Kadavath et al., 2022; Chen et al., 2024; Shorinwa
et al., 2025). Existing uncertainty estimates are of-
ten derived from prompt-based self-evaluation (Ka-
davath et al., 2022; Ren et al., 2023), token-level
probabilities (Ren et al., 2022; Malinin and Gales,
2020; Dinh and Niehues, 2025), or semantic-level
comparisons (Farquhar et al., 2024; Qiu and Mi-
ikkulainen, 2024). Self-evaluation methods are at-
tractive because they require only black-box access,
but they depend on the model’s ability to express
calibrated confidence (Xiong et al., 2024; Kapoor
et al., 2025). Token-level methods are sensitive
to surface-level variations that preserve the same
semantic content. Semantic-level approaches op-
erate at the level of meaning and are less affected
by variation in surface form, but they typically rely
on post-hoc semantic comparison after decoding,
often through auxiliary models (Qiu and Miikku-
lainen, 2024; Farquhar et al., 2024). At the same
time, recent work suggests that the information
needed for hallucination detection may already be
present in the model’s internal representations (Ji
et al., 2024; Chen et al., 2024), which have been
shown to contain semantic information (Liu et al.,
2024), signals predictive of truthfulness (Azaria
and Mitchell, 2023), hallucinations (Su et al., 2024;
Du et al., 2024), and uncertainty (Chen et al., 2024;
Kossen et al., 2024). However, how to effectively
extract this information remains an open problem.
In this work, we approach this problem through
the lens of continuous control and reinforcement
learning, where exploration can be quantified by
how broadly a trajectory spans the representation
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Figure 1: Conceptual overview of Semantic Coverage. When the model is confident, sampled internal representations
are close in the latent semantic space. When it is uncertain, they span a broader region.

space (Wagenmaker et al., 2025). We adapt this
methodology to Large Language Models by ex-
tracting semantic representations from the model’s
hidden states. When the model is confident, sam-
pled response representations should remain con-
centrated; when it is uncertain, they should span a
broader region of the latent semantic space. This
motivates Semantic Coverage, a spectral uncer-
tainty estimator that quantifies how broadly sam-
pled representations span the latent semantic space.

Outline. The remainder of the paper is structured
as follows. Section 2 reviews related work on
LLM uncertainty quantification and introduces the
representation-space coverage perspective that mo-
tivates our approach. Section 3 presents Semantic
Coverage and its formulation. Section 4 describes
the experimental setup and reports the main results
and ablation studies. Section 5 concludes the paper,
followed by a discussion of limitations and future
directions.

Contributions. We introduce Semantic Cover-
age, a white-box uncertainty estimator computed
from internal representations of multiple sampled
generations for the same prompt. It quantifies how
broadly sampled representations span the model’s
latent semantic space. Empirical results across

three open-weights LLMs and four short-form QA
benchmarks show that Semantic Coverage achieves
the strongest overall performance among the eval-
uated methods and consistently outperforms prior
representation-level methods.

2 Background and Related Work

Reinforcement Learning. Reinforcement learn-
ing (RL) studies how an agent learns through in-
teractions with an environment. The sequence
of states visited and actions taken by the agent
is commonly represented as a trajectory, τ =
(s1, a1, s2, a2, . . . , st, at). A classical line of work
drives exploration via uncertainty estimates over
outcomes or value functions (Auer et al., 2002;
Osband et al., 2016; Zhu and Rigotti, 2021).
More recently, exploration has also been quantified
through the coverage of the visited state history,
S = (s1, s2, . . . , st), in a learned representation
space (Wagenmaker et al., 2025). Under this view,
an agent is more exploratory when the representa-
tions of the visited states span a broad region of the
learned representation space, and less exploratory
when they remain concentrated in a smaller region.
We use this notion of representation-space cover-
age as the conceptual starting point for Semantic
Coverage, while adapting it from trajectories of
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environment states to sets of sampled generations.

Uncertainty Quantification. In this work, we
study the problem of estimating how reliably an
LLM can answer a given prompt. Given an input
prompt x, the goal is to assign a scalar uncertainty
score u(x) that reflects the model’s uncertainty
about answering that prompt. Such a score can be
used to assess whether the resulting answer should
be trusted, for example by identifying potentially
hallucinated outputs.

Related Work. Prior work on uncertainty quan-
tification in LLMs can be grouped according to
the signals they use. A first line of work relies on
self-evaluation (Kadavath et al., 2022; Ren et al.,
2023). A notable example is Pr(True), proposed
by Kadavath et al. (2022), where the model is asked
to assess the correctness of its own answer. While
simple, these methods rely on the model’s abil-
ity to express calibrated uncertainty. Empirical
studies show that such self-reported confidence
is often overconfident and not well calibrated in
open-ended generation, which limits its effective-
ness as a standalone uncertainty estimate (Xiong
et al., 2024; Kapoor et al., 2025). A second family
estimates uncertainty from token-level probabili-
ties. Straightforward choices include perplexity,
length-normalized entropy (Ren et al., 2022; Ma-
linin and Gales, 2020) and G-NLL, which uses the
negative log-likelihood of the greedily decoded out-
put (Aichberger et al., 2026). More recent methods
refine this view by accounting for the fact that not
all tokens contribute equally to factual correctness.
CCP aggregates uncertainty at the level of atomic
claims (Fadeeva et al., 2024). CSL reweights token
contributions using contextual relevance (Lin et al.,
2024), while Self-Certainty measures confidence
from the sharpness of the predicted token distri-
bution (Kang et al., 2025). As noted by Dinh and
Niehues (2025), token-level methods are subject to
surface-level variability because probability mass
can be distributed across multiple equally valid
continuations. To address this issue, they propose
BoostedProb, which aggregates probabilities when
multiple tokens are valid. A third line of work
moves from tokens to semantic-level agreement
across sampled generations (Farquhar et al., 2024;
Manakul et al., 2023; Qiu and Miikkulainen, 2024;
Duan et al., 2024; Vashurin et al., 2025b). Semantic
Entropy and Semantic Density estimate uncertainty
in a semantic space rather than over tokens, making
them more robust to paraphrases and surface-level

variability (Qiu and Miikkulainen, 2024; Farquhar
et al., 2024), while SAR also incorporates semantic
relevance (Duan et al., 2024). CoCoA further ar-
gues that confidence-based and consistency-based
signals are complementary and unifies these signals
in a minimum Bayes risk formulation (Vashurin
et al., 2025b). These approaches are more robust
to paraphrases, but they rely on post-hoc semantic
comparison after decoding, often through auxil-
iary models. Most closely related to our work are
representation-level approaches, which argue that
uncertainty is already encoded in the model’s hid-
den states. Chen et al. (2024) introduce EigenScore
and measure dispersion in the sentence-embedding
space by using the log-determinant as an approx-
imation to differential entropy. Similarly, Wang
et al. (2025) propose using the Shannon entropy
of the normalized singular values. Attention pat-
terns themselves have also been observed to reflect
hallucinations (Sriramanan et al., 2024; Vazhent-
sev et al., 2025), and these signals can be used to
detect hallucinations from a single forward pass.
Sriramanan et al. (2024) propose AttentionScore,
which applies the same entropy-based metric intro-
duced in EigenScore to the model’s self-attention
kernel maps, while Vazhentsev et al. (2025) pro-
pose RAUQ, which computes uncertainty by ag-
gregating signals from specific uncertainty-aware
heads that show a drop in attention to preceding
tokens. Subsequent work shows that internal repre-
sentations can reveal hallucination risk before gen-
eration (Ji et al., 2024) and can even support latent-
space steering for detection (Park et al., 2025). Fur-
ther evidence that information relevant to halluci-
nation detection is present in the model’s internal
representations (Zhang et al., 2025; Du et al., 2024)
also comes from probe-based methods (Azaria and
Mitchell, 2023; Su et al., 2024; Kossen et al., 2024).
Our method follows this representation-level per-
spective, but replaces entropy or probe-based scor-
ing with a coverage view: uncertainty is quantified
by how broadly generations span the model’s latent
semantic space, connecting LLM uncertainty quan-
tification to exploration in reinforcement learning.

3 Method

Overview. Continuous control and reinforcement
learning have extensively dealt with the question
of how to characterize uncertainty in the context
of arbitrating between exploratory and exploitative
behavior. Generally, higher uncertainty is associ-
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ated with trajectories whose visited states span a
broader region of representation space. We transfer
this intuition to uncertainty quantification for large
language models by replacing a temporal trajectory
of visited states with a set of independently sam-
pled generations for the same prompt. Semantic
Coverage first maps each generation to an internal
response-level representation by mean-pooling its
token-level hidden states, and then uncertainty is
quantified by how broadly these representations
span the model’s latent semantic space. When the
model is confident, sampled generations should cor-
respond to a stable semantic answer and their repre-
sentations should remain close in the space. When
the model is uncertain, sampled generations may
reflect multiple plausible semantic answers, pro-
ducing broader coverage in latent semantic space
and reflecting greater semantic uncertainty.

3.1 Preliminaries
Let x be an input prompt, and let pθ(· | x)
denote the conditional distribution over comple-
tions induced by a language model with parame-
ters θ. We consider N independent generations
(y(1), . . . , y(N)) sampled under the fixed sampling
policy pθ(· | x). Let hl,t(x, y) ∈ Rd be the hidden
representation of the LLM at layer l and position
t for generation y conditioned on prompt x. To
map each generated sequence to a single response-
level semantic state, Semantic Coverage first mean-
pools the hidden representations across generated
tokens, following prior work on sequence-level em-
beddings (Ren et al., 2022). This mean-pooling
step is the first component of Semantic Coverage
and provides a simple fixed-dimensional summary
that aggregates information across the full response
trajectory on which the second spectral-summary
component is then computed.

hl(x, y) :=
1

T (y)

T (y)∑

t=1

hl,t(x, y) ∈ Rd,

where T (y) is the number of generated tokens in
the response y, and hl(x, y) is a trajectory-level
semantic representation of the response y at layer
l that aggregates information over the entire gen-
erated response. Given N sampled generations,
we collect their semantic representations into the
matrix

Hl(x) =



hl(x, y

(1))⊤
...

hl(x, y
(N))⊤


 ∈ RN×d.

We then center the representation matrix and define
the empirical covariance matrix of the semantic
representations at layer l as

Σ̂l(x) =
1

N
H̃l(x)

⊤H̃l(x) ∈ Rd×d,

where H̃l(x) is the centered embedding matrix.

3.2 Semantic Coverage
Following Wagenmaker et al. (2025), we define the
coverage of the LLM’s latent semantic space as the
projection of the covariance matrix of one group of
generations onto the semantic representation space
defined by a second group of generations:

covl,γ(x) :=
1

tr

((
U⊤
ϵ Σ̂

′
l(x)Uϵ + γI

)−1
) , (1)

where Σ̂l(x) and Σ̂
′
l(x) denote the covariances of

a first and second group of generations, respec-
tively, while Uϵ denotes the singular vectors of
Σ̂l(x), whose corresponding singular values are
at least ϵ. As the number of sampled genera-
tions grows, the two empirical covariance estimates
Σ̂l(x) and Σ̂

′
l(x) converge to the same population

covariance Σl(x). Therefore, the projected quan-
tity U⊤

ϵ Σ̂
′
l(x)Uϵ approaches the spectrum of Σl(x)

as ϵ → 0. This motivates defining the spectral-
summary component of Semantic Coverage di-
rectly as a function of the spectrum of the empiri-
cal covariance from a single group of generations,
avoiding the separate projection step while preserv-
ing the same asymptotic behavior:

covl,γ(x) :=
1

tr

((
Σ̂l(x) + γI

)−1
) . (2)

Here, γ > 0 is a regularization constant introduced
to ensure numerical stability, especially in the com-
mon regime N ≪ d, where Σ̂l(x) is rank-deficient.
Since

covl,γ(x) =

(
d∑

i=1

1

λi + γ

)−1

,

adding γ reduces the sensitivity of the metric to
very small eigenvalues. In particular, for λi ≪ γ,
the contribution 1/(λi + γ) is approximately 1/γ,
reducing sensitivity to differences among very
small eigenvalues, acting as a cutoff that determines
when a direction counts as informative. For fixed
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total variance, Semantic Coverage increases as vari-
ance is distributed more evenly across eigendirec-
tions. Further intuition and a latent-mixture inter-
pretation are provided in Appendix A.

Volume vs. Shape. Despite their different moti-
vations and derivations, both Semantic Coverage
and EigenScore (Chen et al., 2024) make use of
spectral information from the empirical covariance.
EigenScore uses the log-determinant, 1

d

∑
i log λi,

which corresponds to the geometric mean of the
eigenvalues and to the log-volume of the covari-
ance ellipsoid; Semantic Coverage uses a quan-
tity proportional to the regularized harmonic mean,
(
∑

i 1/(λi))
−1, placing greater relative emphasis

on smaller eigenvalues (Appendix E.1).

4 Experiments

4.1 Experimental Setup

Models. We use three open-weights models from
the Qwen (Yang et al., 2025) and Granite (Mishra
et al., 2024) families, with 4B, 8B, and 14B param-
eters. In particular, we consider the pre-trained
versions of Qwen3-4B and Qwen3-14B and the
instruction-tuned version of Granite3.3-8B.

Datasets. Following Chen et al. (2024); Kossen
et al. (2024); Xue et al. (2025); Duan et al. (2024);
Qiu and Miikkulainen (2024), we focus our anal-
ysis on widely used Question-Answering (QA)
datasets. In particular, we employ the test split
of CoQA (Reddy et al., 2018), a conversational
QA dataset that emphasizes multi-turn dialogue;
SimpleQA (Wei et al., 2024), which emphasizes
factuality; Natural Questions (Kwiatkowski et al.,
2019), which emphasizes realistic search-style QA;
and TriviaQA (Joshi et al., 2017), which empha-
sizes trivia knowledge. Following Vashurin et al.
(2025a), we limit the evaluation set of each dataset
to 2,000 examples and report the standard deviation
across five runs.

Baselines. We compare our method against a
diverse set of baselines spanning the main fam-
ilies of uncertainty quantification methods for
LLMs. From the self-evaluation family, we in-
clude Pr(True) (Kadavath et al., 2022). From the
token-level family, we consider Perplexity (Ren
et al., 2022), Length-Normalized Entropy (Malinin
and Gales, 2020), G-NLL (Aichberger et al., 2026),
CSL (Lin et al., 2024), and BoostedProb (Dinh
and Niehues, 2025). From the semantic-level

family, we include Semantic Entropy (Farquhar
et al., 2024), Semantic Density (Qiu and Miikku-
lainen, 2024), SentenceSAR (Duan et al., 2024),
and CoCoA using Perplexity as the confidence sig-
nal (Vashurin et al., 2025b). Finally, from the
representation-level family, we consider Eigen-
Score (Chen et al., 2024) and AttentionScore (Sri-
ramanan et al., 2024), which derive uncertainty
estimates directly from internal model representa-
tions.

Evaluation Metrics. Following Vashurin et al.
(2025a,b), we employ Prediction Rejection Ratio
(PRR) (Malinin and Gales, 2020). PRR measures
how well uncertainty scores identify high-quality
predictions. It is based on the prediction-rejection
curve, which tracks the average prediction qual-
ity as increasingly uncertain samples are rejected.
PRR normalizes the area under this curve relative
to a random baseline and an oracle ranking induced
by the true quality scores.

PRR =
AUCuncertainty − AUCrandom

AUCoracle − AUCrandom

Quality Measures. Following Vashurin et al.
(2025a); Fadeeva et al. (2023), we evaluate genera-
tion quality using BERTScore (Zhang et al., 2020)
and AlignScore (Zha et al., 2023). BERTScore
evaluates generated text by comparing candidate
and reference tokens using contextual embeddings,
and it has been shown to be more robust than tra-
ditional overlap-based metrics in paraphrastic set-
tings (Zhang et al., 2020). AlignScore measures
how well the generated answer is supported by the
reference, providing a complementary signal that
is more sensitive to factual consistency and has
a higher correlation with human annotators (Zha
et al., 2023). We use these two measures as contin-
uous quality scores for each prediction.

Implementation Details. We generate answers
using greedy decoding. For sampling-based meth-
ods, we draw 10 generations per example with tem-
perature set to 1.0 and top-k set to 50. To ensure
a fair comparison, all uncertainty quantification
methods are evaluated on the same generated out-
puts. Unless otherwise noted, all remaining base-
line hyperparameters are kept at the default values
of their respective official implementations. Fol-
lowing Chen et al. (2024), we extract sentence em-
beddings from the middle layer of each model. For
efficiency, we compute the covariance spectrum in
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(a) Avg PRR with BERTScore

(b) Avg PRR with AlignScore

Figure 2: Average PRR across datasets for the three eval-
uated models (Qwen3-4B, Granite-3.3-8B-it, and
Qwen3-14B) for four uncertainty quantification meth-
ods: Pr(True), LN-Entropy, Semantic Entropy, and
Semantic Coverage. Semantic Coverage achieves the
strongest overall performance. Top: Average PRR with
BERTScore. Bottom: Average PRR with AlignScore.

sample space using the corresponding Gram ma-
trix. For our method, we set the regularization
parameter to 1.0, a sensitivity analysis is provided
in Appendix C.

4.2 Results

Tables 1–3 and Figure 2 report the main results.
Overall, Semantic Coverage is the strongest and
most consistent uncertainty estimator across mod-
els, datasets, and evaluation metrics. Across the
24 reported settings, it achieves the best result
in 17 of them and shows a consistent improve-
ment over the strongest representation-level base-
line, EigenScore. On Qwen3-14B, Semantic Cov-
erage obtains the best PRR in 6 out of 8 settings.
The same pattern holds for the smaller Qwen3-4B,
where Semantic Coverage is best in 6 out of 8
PRR settings. Importantly, this trend also holds
for the Granite-3.3-8B-it model, where Seman-
tic Coverage remains the top method in 5 out

of 8 settings. A pattern across method families
also emerges from the results. Self-evaluation and
token-level methods, such as Pr(True), Perplexity,
Length-Normalized Entropy, CSL, and Boosted-
Prob, are generally less robust, especially on Natu-
ral Questions and SimpleQA for the Qwen3 models.
Semantic-level methods, in particular Semantic En-
tropy and Semantic Density, provide strong base-
lines. Semantic Entropy tends to perform better
than Semantic Coverage on the Natural Questions
benchmark for both the 4B and 14B Qwen3 models
when using AlignScore as the quality metric, and
also on SimpleQA for the 4B and 8B models. No-
tably, however, these methods still underperform
Semantic Coverage when BERTScore is used as
the quality metric. The best overall performance is
typically obtained by representation-level methods.
Within this family, Semantic Coverage consistently
outperforms both EigenScore and AttentionScore,
indicating the effectiveness of our method.

4.3 Ablation Studies

Unless otherwise stated, all ablation studies are
conducted on a held-out subset of CoQA using
BERTScore as the quality signal and PRR as the
evaluation metric.

Trajectory View. So far, we have considered self-
consistency at the level of multiple independent
generations from the same prompt. However, Se-
mantic Coverage can also be computed by treating
a single LLM generation as a temporal trajectory.
The same intuition that motivates the use of cov-
erage across multiple generations also applies to
this trajectory-based view of a single generation.
In particular, if we view the sequence of internal
representations produced during generation as a
trajectory, we may expect an uncertain model to
span a broader region of its latent semantic space.
To test this idea, we compute Semantic Coverage
using the internal representations of the tokens in a
single generation. We consider two variants: one
based on the last 10 tokens, where positions are
filled from the context if the answer is shorter than
10 tokens; and one based on all generated tokens.
Table 4 shows that both trajectory-level variants of
Semantic Coverage consistently outperform meth-
ods such as Perplexity, LN-Entropy, and Atten-
tionScore. For BoostedProb, Pr(True) and G-NLL,
the results are slightly more nuanced, with these
methods alternating with Semantic Coverage in
the ranking. In particular G-NLL has strong per-

2454



PRR
CoQA Natural Questions SimpleQA TriviaQA Mean

Method BERTScore AlignScore BERTScore AlignScore BERTScore AlignScore BERTScore AlignScore

Pr(True) 0.847±0.005 0.815±0.008 0.641±0.018 0.219±0.009 0.677±0.007 0.085±0.003 0.867±0.009 0.770±0.009 0.615
Perplexity 0.775±0.010 0.813±0.007 0.628±0.018 0.238±0.011 0.597±0.006 0.077±0.006 0.811±0.011 0.693±0.009 0.579
LN-Entropy 0.776±0.010 0.795±0.010 0.651±0.015 0.242±0.008 0.654±0.008 0.076±0.005 0.801±0.011 0.663±0.011 0.582
G-NLL 0.814±0.009 0.827±0.006 0.663±0.016 0.272±0.011 0.640±0.005 0.089±0.008 0.834±0.010 0.726±0.011 0.608
CSL 0.782±0.011 0.807±0.007 0.629±0.018 0.236±0.012 0.612±0.007 0.075±0.004 0.810±0.012 0.689±0.011 0.580
BoostedProb 0.769±0.010 0.817±0.005 0.641±0.016 0.243±0.008 0.666±0.007 0.079±0.004 0.833±0.010 0.729±0.008 0.597
SemanticEntropy 0.838±0.006 0.837±0.007 0.732±0.010 0.353±0.005 0.703±0.009 0.112±0.009 0.864±0.006 0.770±0.008 0.651
SemanticDensity 0.856±0.008 0.848±0.009 0.701±0.013 0.357±0.010 0.612±0.007 0.108±0.006 0.884±0.005 0.810±0.004 0.647
SentenceSAR 0.820±0.008 0.827±0.009 0.730±0.010 0.344±0.005 0.711±0.007 0.118±0.008 0.850±0.007 0.748±0.009 0.643
CoCoAPPL 0.807±0.008 0.843±0.005 0.661±0.015 0.292±0.010 0.613±0.006 0.089±0.006 0.861±0.008 0.775±0.009 0.618
AttnScore 0.821±0.010 0.799±0.009 0.690±0.015 0.252±0.009 0.684±0.009 0.083±0.008 0.788±0.013 0.632±0.012 0.594
EigenScore 0.895±0.006 0.871±0.006 0.728±0.012 0.312±0.010 0.716±0.006 0.099±0.004 0.895±0.005 0.815±0.004 0.666
SemanticCoverage 0.902±0.005 0.881±0.006 0.739±0.011 0.341±0.010 0.725±0.007 0.116±0.004 0.901±0.005 0.826±0.004 0.679

Table 1: Performance of uncertainty quantification methods using the PRR evaluation metric for Qwen3-14B across
QA benchmarks. Each entry shows mean with standard deviation; the final column reports the average across
datasets and quality measures.

PRR
CoQA Natural Questions SimpleQA TriviaQA Mean

Method BERTScore AlignScore BERTScore AlignScore BERTScore AlignScore BERTScore AlignScore

Pr(True) 0.838±0.004 0.787±0.008 0.614±0.004 0.192±0.011 0.621±0.034 0.066±0.005 0.780±0.022 0.587±0.007 0.561
Perplexity 0.696±0.008 0.784±0.010 0.553±0.003 0.194±0.008 0.536±0.045 0.062±0.003 0.712±0.022 0.508±0.011 0.506
LN-Entropy 0.731±0.005 0.780±0.009 0.609±0.004 0.196±0.012 0.620±0.037 0.056±0.003 0.721±0.021 0.502±0.007 0.527
G-NLL 0.762±0.006 0.813±0.012 0.604±0.004 0.225±0.011 0.596±0.040 0.073±0.004 0.765±0.020 0.593±0.007 0.554
CSL 0.714±0.009 0.779±0.012 0.578±0.003 0.203±0.009 0.575±0.043 0.061±0.004 0.718±0.022 0.514±0.011 0.518
BoostedProb 0.700±0.009 0.794±0.009 0.580±0.005 0.207±0.009 0.608±0.035 0.064±0.004 0.771±0.017 0.605±0.010 0.541
SemanticEntropy 0.833±0.005 0.841±0.007 0.684±0.004 0.260±0.008 0.693±0.027 0.083±0.004 0.815±0.014 0.667±0.006 0.609
SemanticDensity 0.811±0.011 0.819±0.008 0.626±0.006 0.271±0.008 0.555±0.039 0.077±0.004 0.816±0.017 0.675±0.005 0.581
SentenceSAR 0.797±0.006 0.822±0.006 0.664±0.005 0.242±0.008 0.667±0.030 0.080±0.004 0.767±0.017 0.585±0.010 0.578
CoCoAPPL 0.752±0.006 0.831±0.009 0.590±0.003 0.236±0.010 0.549±0.043 0.068±0.003 0.799±0.016 0.656±0.006 0.560
AttnScore 0.807±0.006 0.780±0.008 0.661±0.004 0.193±0.012 0.669±0.029 0.070±0.006 0.723±0.021 0.487±0.008 0.549
EigenScore 0.883±0.005 0.843±0.009 0.680±0.003 0.215±0.009 0.706±0.027 0.075±0.004 0.828±0.017 0.675±0.006 0.613
SemanticCoverage 0.894±0.005 0.860±0.008 0.691±0.004 0.236±0.011 0.719±0.026 0.077±0.003 0.845±0.014 0.708±0.005 0.629

Table 2: Performance of uncertainty quantification methods using the PRR evaluation metric for Qwen3-4B across
QA benchmarks. Each entry shows mean with standard deviation; the final column reports the average across
datasets and quality measures.

PRR
CoQA Natural Questions SimpleQA TriviaQA Mean

Method BERTScore AlignScore BERTScore AlignScore BERTScore AlignScore BERTScore AlignScore

Pr(True) 0.801±0.006 0.854±0.007 0.633±0.018 0.311±0.008 0.638±0.046 0.070±0.007 0.887±0.006 0.825±0.008 0.627
Perplexity 0.611±0.011 0.790±0.008 0.567±0.021 0.264±0.013 0.599±0.051 0.069±0.004 0.828±0.007 0.754±0.005 0.560
LN-Entropy 0.631±0.010 0.782±0.010 0.563±0.020 0.252±0.009 0.619±0.049 0.069±0.006 0.821±0.007 0.739±0.005 0.559
G-NLL 0.676±0.012 0.812±0.009 0.599±0.020 0.291±0.014 0.627±0.047 0.079±0.003 0.848±0.007 0.779±0.007 0.589
CSL 0.611±0.013 0.788±0.007 0.568±0.022 0.264±0.012 0.617±0.050 0.067±0.005 0.834±0.008 0.760±0.009 0.564
BoostedProb 0.605±0.012 0.787±0.009 0.569±0.020 0.276±0.012 0.644±0.044 0.066±0.002 0.839±0.008 0.774±0.005 0.570
SemanticEntropy 0.726±0.012 0.841±0.007 0.664±0.015 0.360±0.007 0.674±0.042 0.101±0.010 0.872±0.005 0.812±0.005 0.631
SemanticDensity 0.739±0.011 0.846±0.005 0.674±0.016 0.388±0.013 0.617±0.048 0.096±0.008 0.909±0.007 0.858±0.011 0.641
SentenceSAR 0.681±0.011 0.819±0.007 0.631±0.017 0.326±0.009 0.656±0.044 0.094±0.007 0.858±0.005 0.792±0.006 0.607
CoCoAPPL 0.662±0.012 0.820±0.008 0.608±0.019 0.320±0.014 0.617±0.049 0.085±0.004 0.873±0.003 0.823±0.003 0.601
AttnScore 0.715±0.014 0.813±0.004 0.687±0.013 0.295±0.012 0.675±0.040 0.071±0.004 0.839±0.008 0.744±0.009 0.605
EigenScore 0.822±0.006 0.872±0.004 0.710±0.011 0.363±0.014 0.709±0.037 0.085±0.005 0.903±0.005 0.842±0.006 0.663
SemanticCoverage 0.830±0.006 0.879±0.002 0.716±0.011 0.376±0.015 0.723±0.035 0.087±0.005 0.910±0.005 0.853±0.005 0.672

Table 3: Performance of uncertainty quantification methods using the PRR evaluation metric for
Granite-3.3-8B-it across QA benchmarks. Each entry shows mean with standard deviation; the final col-
umn reports the average across datasets and quality measures.
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PRR
CoQA Natural Questions SimpleQA TriviaQA Mean

Method BERTScore AlignScore BERTScore AlignScore BERTScore AlignScore BERTScore AlignScore

Pr(True) 0.838±0.004 0.787±0.008 0.614±0.004 0.192±0.011 0.621±0.034 0.066±0.005 0.780±0.022 0.587±0.007 0.561
Perplexity 0.696±0.008 0.784±0.010 0.553±0.003 0.194±0.008 0.536±0.045 0.062±0.003 0.712±0.022 0.508±0.011 0.506
LN-Entropy 0.731±0.005 0.780±0.009 0.609±0.004 0.196±0.012 0.620±0.037 0.056±0.003 0.721±0.021 0.502±0.007 0.527
G-NLL 0.762±0.006 0.813±0.012 0.604±0.004 0.225±0.011 0.596±0.040 0.073±0.004 0.765±0.020 0.593±0.007 0.554
CSL 0.714±0.009 0.779±0.012 0.578±0.003 0.203±0.009 0.575±0.043 0.061±0.004 0.718±0.022 0.514±0.011 0.518
BoostedProb 0.700±0.009 0.794±0.009 0.580±0.005 0.207±0.009 0.608±0.035 0.064±0.004 0.771±0.017 0.605±0.010 0.541
AttnScore 0.807±0.006 0.780±0.008 0.661±0.004 0.193±0.012 0.669±0.029 0.070±0.006 0.723±0.021 0.487±0.008 0.549
SemanticCoverageTraj (w=10) 0.852±0.007 0.792±0.008 0.675±0.005 0.213±0.009 0.682±0.030 0.073±0.004 0.746±0.024 0.513±0.003 0.568
SemanticCoverageTraj (all) 0.854±0.007 0.794±0.010 0.673±0.005 0.212±0.008 0.684±0.030 0.074±0.004 0.740±0.024 0.508±0.003 0.567

Table 4: Performance of Pr(True), token-level methods, AttentionScore, and trajectory-level variants of Semantic
Coverage for Qwen3-4B across QA benchmarks. SemanticCoverageTraj (all) refers to using all the generated tokens,
SemanticCoverageTraj (w=10) refers to using a window of the last 10 tokens. Each entry shows mean and standard
deviation; the final column reports the average across datasets and quality measures.

formances with AlignScore on CoQA and Natural
Question, instead BoostedProb and Pr(True), while
underperforming relative to Semantic Coverage on
CoQA, Natural Questions, and SimpleQA, they
obtain higher PRR on TriviaQA. Notably, how-
ever, both trajectory variants of Semantic Coverage
achieve the highest mean score among the evalu-
ated methods.

Sensitivity to Hyperparameters. Figure 4
shows that varying the number of generations has
only a limited effect on performance. Increasing
the sample budget from 5 to 20 leads to small gains
in PRR and does not change the ranking of the
methods. As shown in Figure 3, Semantic Cov-
erage’s performance improves as the temperature
increases from 0.1 to 1.0, after which it declines
again. This trend is consistent with the role of tem-
perature in controlling generation diversity: values
that are too small produce responses that are too
concentrated to reveal semantic uncertainty, while
values that are too large introduce excess variability
that weakens the uncertainty signal. We therefore
use a temperature of 1.0 in the main experiments.
Notably, Semantic Coverage tends to outperform
the compared methods across both sampling tem-
peratures and generation budgets.

5 Conclusion

We introduced Semantic Coverage, a white-box
representation-level uncertainty estimator that mea-
sures how broadly multiple sampled generations
span the model’s latent semantic space. Across
three open-weights LLMs and four short-form QA
benchmarks, it consistently outperformed prior
representation-level methods and achieved the
strongest overall results among the evaluated meth-
ods. These findings suggest that uncertainty is re-

Figure 3: Sensitivity to temperature for Qwen3-4B on
the CoQA dataset. Shaded regions indicate mean ±1
std.

Figure 4: Sensitivity to number of generations for
Qwen3-4B on the CoQA dataset. Shaded regions in-
dicate mean ±1 std.

flected in how internal representations span latent
semantic space, and that Semantic Coverage pro-
vides a strong signal for uncertainty quantification
in LLMs.

Limitations

Our method relies on access to hidden representa-
tions to compute sentence-level embeddings and

2456



estimate Semantic Coverage, and is therefore not
directly applicable in black-box API settings. The
method is also sampling-based, which requires mul-
tiple generations per prompt and therefore incurs
additional inference cost with respect to methods
that do not require multiple samples. We study
uncertainty quantification in short-form question
answering, following the standard evaluation set-
ting used in prior work (Chen et al., 2024; Kossen
et al., 2024; Xue et al., 2025; Duan et al., 2024;
Qiu and Miikkulainen, 2024). While this enables
controlled comparison against established base-
lines, real-world deployment often involves more
complex settings. Finally, our evaluation relies on
quality metrics. Although BERTScore and Align-
Score are widely used, they do not capture every
nuance of generation quality. Future work could
address these limitations by developing black-box
approximations of Semantic Coverage, extending
the method to more complex settings, and incorpo-
rating additional metrics to provide a more com-
prehensive, risk-aware assessment of generation
quality (Nitsure et al., 2024).

Ethical Considerations

We use publicly available open-weight models and
established QA benchmarks, and our experiments
are not designed to elicit harmful content. Never-
theless, LLM outputs can be incorrect, misleading,
or harmful in downstream use. Uncertainty quan-
tification methods are intended to support reliability
assessment by flagging potentially uncertain gener-
ations, but they may produce false positives or false
negatives and should not be treated as a guarantee
of correctness.
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A Latent Semantic Mixture
Decomposition

To build intuition for what Semantic Coverage cap-
tures, we consider a latent-variable model for sam-
pled responses. Let Z ∈ {1, . . . ,K} denote a la-
tent semantic mode, and let h be the representation
of a sampled answer. Assume

h = µZ + ε, E[ε | Z] = 0,

where µZ := E[h | Z] is the mode-conditional
mean representation, and ε captures residual vari-
ation within a mode, such as phrasing, style, and
sampling noise. Under these assumptions one can
show that the following decomposition holds:

Cov(h) = Cov(µZ)︸ ︷︷ ︸
between-mode

+E[Cov(ε | Z)]︸ ︷︷ ︸
within-mode

(see Derivation in Appendix A.1). The first term
captures how strongly distinct semantic modes are
separated in representation space, while the second
captures local variation within each mode. This de-
composition helps interpret Semantic Coverage. If
repeated generations correspond to paraphrases of
essentially the same answer, then the mode means
µZ remain close, and the between-mode term is
small; variability is dominated by within-mode
fluctuations. By contrast, when the model assigns
substantial probability mass to several semantically
distinct answers, the means µZ become more dis-
persed, increasing the between-mode covariance.
This spreads the sampled representations across
a broader set of directions in latent space. Since
Semantic Coverage increases when variance is dis-
tributed across multiple directions rather than con-
centrated in a narrow subspace, it is expected to be
sensitive to uncertainty arising from multiple plau-
sible semantic modes. However, Semantic Cover-
age does not isolate semantic variation perfectly:
large within-mode variability can also increase dis-
persion. Its usefulness therefore depends on the
hypothesis that hidden-state representations sepa-
rate genuinely distinct answers more strongly than
they separate superficial variation, such as phrasing
or style.

A.1 Derivation of Latent Semantic Mixture
Decomposition

Let
h = µZ + ε,

µZ := E[h | Z],

ε := h− µZ .

Then
E[ε | Z] = E[h− µZ | Z]

= E[h | Z]− µZ

= 0.

Using h = µZ + ε, we have

Cov(h) = Cov(µZ + ε)

= Cov(µZ) + Cov(ε)

+ Cov(µZ , ε) + Cov(ε, µZ).

The cross-covariance terms vanish. Since µZ is a
function of Z and E[ε | Z] = 0,

Cov(µZ , ε) = E
[
(µZ − E[µZ ])ε

⊤
]

= E
[
E
[
(µZ − E[µZ ])ε

⊤ | Z
]]

= E
[
(µZ − E[µZ ])E[ε⊤ | Z]

]

= 0.

Similarly, Cov(ε, µZ) = 0. Therefore,

Cov(h) = Cov(µZ) + Cov(ε).

Finally, applying the law of total covariance
(Champ and Sills, 2024) to ε:

Cov(ε) = E[Cov(ε | Z)] + Cov(E[ε | Z])

= E[Cov(ε | Z)] .

B Projection-based Coverage

Figure 5 empirically shows that the projection-
based coverage and Semantic Coverage converge
as the number of generations becomes sufficiently
large.

Figure 5: Projection-based coverage and Semantic
Coverage converge as the number of generations be-
comes sufficiently large. SemanticCoverageProj de-
notes projection-based coverage. Shaded regions indi-
cate mean ±1 std.
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C Additional Ablation Studies

Regularization and Eigenspectrum. We next
analyze the role of the regularization parameter γ,
which controls how strongly small-variance direc-
tions are damped. Figure 6 shows that increasing
the regularization strength from 0.001 to 1.0 leads
to a consistent improvement in PRR, with the best
performance attained at γ = 1.0. The spectral
analysis on the 10 largest eigenvalues provides a
clear explanation for this behavior. Since centering
limits the covariance rank to (N-1), at most nine
of these eigenvalues are nonzero for (N=10). The
average sorted eigenspectrum in Figure 7b exhibits
a sharp drop around 1.0, indicating a separation be-
tween a small set of dominant semantic directions
and a tail of much smaller eigenvalues. The ECDF
in Figure 7a further shows that roughly 65% of the
eigenvalues are larger than 1.0. Together, these
plots suggest that choosing γ ≈ 1.0 preserves the
dominant directions that carry most of the semantic
variation, while damping the many weakly infor-
mative directions that are more likely to reflect
noise. This explains the monotonic improvement
observed in the regularization ablation and supports
the choice of γ = 1.0 in the main experiments.

Figure 6: Sensitivity to Regularization for Qwen3-4B on
CoQA. Capped error bars indicate mean ±1 std.

Layers. Figure 8 shows that Semantic Coverage
performs best in early-to-middle layers, while per-
formance degrades in later layers. This suggests
that the relevant uncertainty signal is strongest be-
fore the final layers become too specialized for
next-token prediction. The highest PRR is attained
in the early layers.

D ROUGE-L Quality Metric

It has been observed that n-gram-based quality
metrics such as ROUGE-L (Lin, 2004) often do

(a) ECDF

(b) Mean Sorted Eigenvalues

Figure 7: Empirical cumulative distribution of eigen-
values and mean sorted eigenvalues for Qwen3-4B on
CoQA. Top: ECDF. Bottom: Mean sorted eigenvalues.

Figure 8: Sensitivity of Semantic Coverage to layer
choice for Qwen3-4B on the CoQA dataset. The dotted
line indicates using the middle layer. Capped error bars
indicate mean ±1 std.

not reflect the actual quality of generated out-
puts (Vashurin et al., 2025a). For this reason, in our
experiments we use BERTScore, which has been
shown to be more robust to surface-form variation
than traditional overlap-based metrics (Zhang et al.,
2020), and AlignScore, which is sensitive to fac-
tual consistency and shows higher correlation with
human judgments (Zha et al., 2023). Nevertheless,
ROUGE-L is often used in the literature. In Ta-
ble 5, we report results on the CoQA dataset using
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ROUGE-L as the quality metric.

E Geometric Interpretation of
EigenScore and Semantic Coverage

Chen et al. (2024) introduced EigenScore, which
measures dispersion in the sentence-embedding
space by using the log-determinant as an approxi-
mation to differential entropy. Given a regularized
covariance matrix Σ̃, EigenScore can be computed
as

eig(x) =
1

d
log det(Σ̃)

=
1

d
log

d∏

i=1

λi

=
1

d

d∑

i=1

log λi.

This quantity has a direct geometric interpretation
through the covariance ellipsoid associated with
Σ̃. The eigenvectors define the principal axes of
the ellipsoid, while the eigenvalues determine the
squared lengths of these axes. Since the volume of
the ellipsoid is proportional to det(Σ̃)1/2, Eigen-
Score measures the dispersion of sampled represen-
tations through their log-volume. Equivalently, it
summarizes the geometric mean of the eigenvalues
on a logarithmic scale. Focusing specifically on
the spectral-summary component, when using the
same response-level representations for both meth-
ods, Semantic Coverage uses a different summary
of the covariance spectrum:

cov(x) =
1

tr(Σ̃−1)
=

(
d∑

i=1

1

λi

)−1

.

This quantity is proportional to the harmonic mean
of the eigenvalues and is therefore more sensitive
to small eigenvalues. When applied to the same
representation geometry the two scores capture dif-
ferent aspects. EigenScore summarizes the overall
volume of the covariance ellipsoid, whereas Se-
mantic Coverage is more sensitive to the shape of
the ellipsoid, that is, how this volume is distributed
across eigendirections. Intuitively, two ellipsoids
can have the same volume but different shapes: one
may be relatively isotropic, with dispersion spread
across several axes, while another may be highly
anisotropic, with most of its dispersion concen-
trated along a small number of axes.

E.1 Mechanism on Synthetic Data
To show why this distinction matters, we consider a
simple synthetic experiment in four dimensions (Ta-
ble 6). Specifically, we fix the generalized variance
of a 4×4 covariance matrix at 81 and apply a small
regularization value of 0.1 to demonstrate how the
different scores respond to the same spectrum. The
same qualitative behavior holds when the regular-
ization is small relative to the eigenvalues. As
the variance is distributed more uniformly across
eigendirections, EigenScore decreases, whereas Se-
mantic Coverage increases. This experiment di-
rectly illustrates how the two metrics respond dif-
ferently to spectral shape, when computed from the
same covariance spectrum.

F Generalization to STEM QA

Semantic Coverage has been extensively tested
in short-form question answering. Here, we ex-
tend the evaluation to more reasoning-heavy QA
tasks. In particular, we use the college mathemat-
ics, physics, and computer science subsections of
the MMLU dataset (Hendrycks et al., 2021). We
use accuracy as the quality metric and conduct all
experiments with Qwen3-4B. As shown in Table 7,
Semantic Coverage maintains strong performance
across these subsets.

G Llama Family

In the main paper, we tested two models from the
Qwen3 family and one from the Granite3.3 fam-
ily. To examine how Semantic Coverage general-
izes across architectures and training recipes, we
add here an evaluation on the CoQA dataset using
Llama-3.1-8B (Grattafiori et al., 2024). As shown
in Table 8, the findings remain largely unchanged
when using Llama-3.1-8B. Semantic Coverage still
shows strong performances, achieving the best re-
sults when BERTScore is used as the quality met-
ric and the second-best results when AlignScore is
used.

H Computational Efficiency Analysis

All experiments use the Qwen3-4B model and the
hyperparameters and generation settings specified
in the experimental setup section. Figure 9 shows
the average computational cost, measured as the
time each estimator requires to compute the uncer-
tainty score for a single example. Inference time is
dominated by the sampling phase, and sampling-
based methods exhibit similar overhead. In partic-
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PRR
Method Granite-3.3-8B-it Qwen3-14B Qwen3-4B Mean

Pr(True) 0.756±0.009 0.772±0.006 0.743±0.004 0.757
Perplexity 0.562±0.005 0.725±0.009 0.634±0.004 0.640
LN-Entropy 0.578±0.006 0.720±0.011 0.666±0.006 0.655
CSL 0.558±0.006 0.722±0.013 0.635±0.007 0.638
BoostedProb 0.555±0.004 0.723±0.009 0.642±0.005 0.640
SemanticEntropy 0.689±0.005 0.789±0.007 0.780±0.006 0.753
SemanticDensity 0.690±0.010 0.794±0.013 0.735±0.012 0.740
SentenceSAR 0.639±0.007 0.770±0.010 0.740±0.006 0.716
CoCoAPPL 0.622±0.004 0.766±0.008 0.703±0.002 0.697
AttnScore 0.655±0.013 0.741±0.009 0.715±0.007 0.704
EigenScore 0.788±0.007 0.842±0.007 0.813±0.007 0.814
SemanticCoverage 0.799±0.005 0.854±0.006 0.832±0.006 0.828

Table 5: Performance of uncertainty quantification methods using PRR on CoQA across models, with ROUGE-L
as the quality metric. Each entry shows mean and standard deviation; the final column reports the average across
models.

Eigenvalues EigenScore SemanticCoverage

[81, 1, 1, 1] 1.170 0.365
[9, 9, 1, 1] 1.152 0.491
[9, 3, 3, 1] 1.142 0.601
[3, 3, 3, 3] 1.131 0.775

Table 6: EigenScore and Semantic Coverage for four
covariance spectra with fixed generalized variance of
81. Scores are computed after applying regularization
with γ = 0.1. As the eigenvalues become more uni-
formly distributed across eigendirections, EigenScore
decreases, whereas Semantic Coverage increases.

PRR
Method Mathematics Physics Computer Science Mean

Pr(True) 0.540 0.749 0.700 0.663
LN-Entropy 0.660 0.649 0.696 0.668
Semantic Entropy 0.683 0.784 0.833 0.767
EigenScore 0.715 0.718 0.845 0.759
SemanticCoverage 0.720 0.752 0.849 0.774

Table 7: PRR performance of Pr(True), LN-Entropy, Se-
mantic Entropy, and Semantic Coverage for Qwen3-4B
across the college-level Mathematics, Physics, and Com-
puter Science subsets of MMLU. Accuracy is used as
the quality metric with PRR.

ular, Semantic Coverage has a slightly lower cost
than Semantic Entropy, a lower cost than Semantic
Density, and a cost similar to those of EigenScore
and LN-Entropy.

I AUROC Evaluation Metric

As our main evaluation metric, we use PRR be-
cause it operates directly on continuous quality
scores and does not require setting arbitrary cor-
rectness thresholds for evaluation. Nevertheless,
AUROC is frequently used in the literature. We
therefore report complementary results for the

PRR
CoQA

Method BERTScore AlignScore

Pr(True) 0.925±0.002 0.685±0.012

Perplexity 0.923±0.002 0.753±0.010

LN-Entropy 0.928±0.003 0.719±0.012

G-NLL 0.953±0.002 0.797±0.012

CSL 0.917±0.003 0.709±0.013

BoostedProb 0.936±0.003 0.764±0.007

SemanticEntropy 0.954±0.002 0.803±0.005

SemanticDensity 0.941±0.002 0.773±0.011

SentenceSAR 0.946±0.002 0.778±0.010

CoCoAPPL 0.951±0.002 0.833±0.008

AttnScore 0.932±0.002 0.712±0.015

EigenScore 0.956±0.001 0.794±0.008

SemanticCoverage 0.962±0.001 0.818±0.007

Table 8: Performance of uncertainty quantifica-
tion methods using the PRR evaluation metric for
meta-llama/Llama-3.1-8B on the CoQA benchmark.
Each entry shows mean with standard deviation.

Qwen3-4B model using AUROC as the perfor-
mance metric. As shown in Table 9, the rank-
ing remains mostly unchanged. We also include
a small sensitivity study on the correctness thresh-
old used for AUROC in Table 10. Across the dif-
ferent thresholds, Semantic Coverage remains the
strongest method. Although the absolute AUROC
values vary with the threshold, the ranking is con-
sistent across thresholds.

J Hallucination Detection Case Study

We show several outputs generated by the
Qwen3-14B model on the TriviaQA dataset, cho-
sen for its short factoid / entity style answers,
with a learned threshold for detecting hallucina-
tions. All hyperparameters are the same as those
used in the main body of the paper. We deter-
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AUROC
CoQA Natural Questions SimpleQA TriviaQA Mean

Method BERTScore AlignScore BERTScore AlignScore BERTScore AlignScore BERTScore AlignScore

Pr(True) 0.627±0.007 0.480±0.014 0.530±0.005 0.524±0.010 0.555±0.010 0.457±0.035 0.661±0.012 0.660±0.005 0.562
Perplexity 0.252±0.003 0.520±0.014 0.319±0.006 0.512±0.014 0.294±0.009 0.509±0.008 0.434±0.010 0.508±0.016 0.418
LN-Entropy 0.333±0.008 0.495±0.017 0.501±0.012 0.522±0.023 0.524±0.008 0.472±0.013 0.442±0.007 0.491±0.013 0.472
CSL 0.347±0.007 0.518±0.019 0.445±0.008 0.567±0.015 0.472±0.015 0.550±0.020 0.463±0.009 0.526±0.014 0.486
BoostedProb 0.274±0.006 0.554±0.012 0.448±0.010 0.558±0.018 0.550±0.012 0.543±0.021 0.639±0.009 0.698±0.012 0.533
SemanticEntropy 0.565±0.008 0.618±0.011 0.736±0.007 0.665±0.013 0.745±0.011 0.656±0.023 0.723±0.012 0.757±0.005 0.683
SemanticDensity 0.499±0.015 0.573±0.004 0.496±0.015 0.675±0.015 0.264±0.012 0.507±0.030 0.721±0.011 0.759±0.014 0.562
SentenceSAR 0.455±0.008 0.565±0.016 0.642±0.012 0.619±0.014 0.654±0.006 0.617±0.015 0.553±0.009 0.590±0.013 0.587
CoCoAPPL 0.411±0.005 0.643±0.018 0.453±0.006 0.645±0.015 0.338±0.008 0.589±0.019 0.687±0.007 0.753±0.008 0.565
AttnScore 0.525±0.005 0.492±0.016 0.686±0.006 0.506±0.010 0.628±0.009 0.534±0.029 0.518±0.008 0.509±0.006 0.550
EigenScore 0.742±0.007 0.603±0.009 0.707±0.008 0.544±0.014 0.751±0.015 0.598±0.027 0.754±0.007 0.743±0.006 0.680
SemanticCoverage 0.765±0.010 0.647±0.008 0.752±0.009 0.611±0.016 0.807±0.015 0.628±0.023 0.800±0.007 0.803±0.006 0.727

Table 9: Performance of uncertainty quantification methods with the AUROC evaluation metric for Qwen3-4B
across QA benchmarks. Each entry shows mean and standard deviation; the final column reports the average across
datasets and quality measures.

Correctness Measures BERTScore AlignScore
Threshold 0.95 0.90 0.80 0.30 0.50 0.70

Pr(True) 0.580±0.005 0.627±0.007 0.731±0.031 0.480±0.016 0.480±0.014 0.490±0.015

LN-Entropy 0.355±0.010 0.333±0.008 0.300±0.012 0.500±0.016 0.495±0.017 0.484±0.015

SemanticEntropy 0.579±0.004 0.565±0.008 0.566±0.037 0.624±0.007 0.618±0.011 0.610±0.012

SemanticCoverage 0.764±0.007 0.765±0.010 0.771±0.031 0.647±0.009 0.647±0.008 0.655±0.008

Table 10: AUROC evaluation for Qwen3-4B on the CoQA dataset under different correctness thresholds for
BERTScore and AlignScore.

Figure 9: Inference cost comparison of different meth-
ods with Qwen3-4B on CoQA. BaseLLM denotes the
LLM without any uncertainty metric.

mine the optimal threshold for hallucination de-
tection by treating an answer as a hallucination
when its BERTScore quality score is lower than
0.9 and by maximizing the G-Mean value (G-Mean
=
√
TPR (1− FPR)). The optimal hallucination

thresholds for the different estimators are as fol-
lows: Pr(True): 9.944, Perplexity: 3.689, LN-
Entropy: 3.491, SemanticEntropy: 8.134, Eigen-
Score: 2.898, and SemanticCoverage: 0.248. A
score above the corresponding threshold is classi-
fied as a hallucination. Green indicates that the
output is not a hallucination, whereas red indicates

a hallucinated answer. A ✓ indicates that the out-
put is correctly classified as hallucinated or non-
hallucinated, whereas a ✗ indicates that the output
is incorrectly classified.

K Artifact Licenses and Intended Use

We use publicly available models and datasets only
for research evaluation. Specifically, we evalu-
ate Qwen3-4B, Qwen3-14B, and Granite-3.3-8B-it,
and use the QA benchmarks CoQA, SimpleQA,
Natural Questions, and TriviaQA. These artifacts
are used consistently with their intended research
and benchmarking purposes.

Question: What claimed the life of singer Kathleen
Ferrier?
Target: Cancer
LLMAns: heart attack
Samples: [’heart attack’, ’asthma’, ’illness’, ’heart
failure’, ’stroke’, ’heart attack’, ’heart attack’, ’stroke’,
’stroke’, ’meningitis’]
PTrue: 9.922 ✗
Perplexity: 4.673 ✓
LN-Entropy: 7.100 ✓
SemanticEntropy: 17.956 ✓
EigenScore: 1.746 ✗
SemanticCoverage: 0.253 ✓
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Question: Name the Danny Boyle biopic about a
climber trapped by a boulder for more than five days.
Target: 127 HOURS
LLMAns: 127 hours
Samples: [’127 hours’, ’127 hours’, ’127 hours’,
’twelve’, ’127 hours’, ’groundhog day’, ’127 hours’,
’127 hours’, ’127 hours’, ’127 hours’]
PTrue: 9.674 ✓
Perplexity: 0.112 ✓
LN-Entropy: 1.416 ✓
SemanticEntropy: 1.897 ✓
EigenScore: 0.571 ✓
SemanticCoverage: 0.166 ✓

Question: In the context of UK government, for what
does the C stand in the acronym COBRA?
Target: Cabinet
LLMAns: committee
Samples: [’commissioner’, ’committee’, ’committee’,
’county’, ’commissioners’, ’central’, ’chancellor of the
exchequer’, ’crisis’, ’commissioner’, ’conveyancing’]
PTrue: 9.962 ✓
Perplexity: 6.223 ✓
LN-Entropy: 4.769 ✓
SemanticEntropy: 7.773 ✗
EigenScore: 8.686 ✓
SemanticCoverage: 0.973 ✓

Question: Who wrote the nonsense poem
“Jabberwocky”?
Target: Lewis Carroll
LLMAns: lewis carroll
Samples: [’lewis carroll’, ’lewis carroll’, ’lewis carroll’,
’lewis carroll’, ’lewis carroll’, ’lewis carroll’, ’lewis
caroll’, ’lewis carroll’, ’carroll’, ’lewis carroll’]
PTrue: 9.430 ✓
Perplexity: 0.058 ✓
LN-Entropy: 1.865 ✓
SemanticEntropy: 0.740 ✓
EigenScore: 0.808 ✓
SemanticCoverage: 0.166 ✓

Question: Which Scottish actress played Catherine of
Aragon in the 1970 TV series, “The Six Wives of Henry
VIII”, but is much better known for her role as Margaret
Meldew in “One Foot in the Grave”?
Target: Annette Crosbie
LLMAns: joan collins
Samples: [’joan plowright’, ’joan collins’, ’marion’, ’jan
francis’, ’joan collins’, ’marjorie proops’, ’joanna
lumsden’, ’anastasia hewetson’, ’shirley steward’, ’emily
mortimer’]
PTrue: 11.705 ✓
Perplexity: 0.417 ✗
LN-Entropy: 2.124 ✗
SemanticEntropy: 8.938 ✓
EigenScore: 7.182 ✓
SemanticCoverage: 0.498 ✓

Question: Under the Treaty of Breda (31 July 1667),
negotiated to end the Second Anglo-Dutch War, the
Dutch kept the colony of Suriname conquered from the
English, and left the English with what area of land?
Target: New Amsterdam
LLMAns: barbados
Samples: [’New Amsterdam’, ’barbadoes’, ’the gambia’,
’the west indies’, ’barbados’, ’barbados’, ’barbados’,
’barbados’, ’barbados’, ’barbados’]
PTrue: 10.450 ✓
Perplexity: 0.285 ✗
LN-Entropy: 2.592 ✗
SemanticEntropy: 5.065 ✗
EigenScore: 2.152 ✗
SemanticCoverage: 0.200 ✗

Question: Measuring from the closest point of each of
these countries to the equator, which is the furthest from
the equator?
Target: Canada
LLMAns: india
Samples: [’india’, ’ecuador’, ’portugal’, ’france’,
’portugal’, ’chile’, ’england’, ’india’, ’sweden’, ’france’]
PTrue: 9.955 ✓
Perplexity: 5.154 ✓
LN-Entropy: 6.874 ✓
SemanticEntropy: 20.757 ✓
EigenScore: 3.778 ✓
SemanticCoverage: 0.333 ✓
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